Bitcoin's value is highly dependent on the communities that use it. This network effect is true for all new technologies. Today's online communities are so large in population that both the Facebook user and Youtuber populations have surpassed the Chinese population. We take a big data approach using millions of samples of posts from Twitter, Telegram, and Reddit to study how and if social media platforms, the epitome of online communities, affect Bitcoin's price and volume as well as the price and volume of fifteen other top cryptocurrencies. We work in collaboration with Solume, a data centered fin-tech startup, as well as with Sentistrength, an opinion mining tool developed by researchers in the UK, to classify the sentiment of the millions of posts we study. We collected millions of posts related to 16 cryptocurrencies from November 2017 through August 2018 on an hourly basis and explore social media volume sentiment effect on these cryptocurrencies. Findings confirm that volumes of exchanged posts may predict the fluctuations of Bitcoin's price but mainly, they predict volume. We also find that Reddit and Telegram posts have greater impact on Bitcoin volume than Twitter. Results indicate that information about the use of social media platforms can assist in tracking real world behavior and may even predict real financial market trends.
Introduction
Bitcoin represents a radical change in financial systems, attracting a large number of users and a lot of media attention. The cryptocurrency was created by an unidentified programmer under the name Satoshi Nakamoto, who introduced it on October 31, 2008 and released it as open-source software in 2009 (Nakamoto, 2009). Bitcoin, as of May 15, 2019 represents about 58% of the cryptocurrency market and is the first decentralized cryptocurrency of a growing family of more than 2000 cryptocurrencies. 1 Bitcoin is different from traditional currencies because there is a limited amount of Bitcoins (21 million) and additional units cannot be created. The amount of Bitcoins that each user wallet holds is publicly visible because the Bitcoin protocol operates on a public ledger or list. This list is identical for the thousands of computers that update the amount of Bitcoin in each wallet. The fact that all lists are checked against one another to make sure they are identical, is what keeps the protocol so secure. One would have to tamper with the majority of lists dispersed on computers across the globe to make a fraudulent transaction. Banks have begun to use this same technology for easily transferring money from accounts across different banks but their protocol is private and the amount of currency in each account is not available to the public. Users who update the public Bitcoin ledger (termed mining) are rewarded with Bitcoin. Without a community constantly updating the public ledger, the security of the Bitcoin protocol would be compromised. This is why Bitcoin is categorized as a decentralized currency, i.e. it is governed by a community and not one central power. The second and third largest cryptocurrencies are Ethereum and Ripple, respectively representing 9.7% and 7.4% of the market. The 16 cryptocurrencies which we chose to study comprise over 86% of the market and provide a variety of different value propositions. In this paper, we investigate 1) if the spread of cryptocurrency price and volume is related to the volumes of social media posts 2) how positive or negative sentiment in these posts affects cryptocurrency prices and 3) how and if the behavior of the cryptocurrencies themselves is correlated. Namely, we try to explore the ecosystem of cryptocurrencies in view of capital markets and in view of the relatively 'new world' of social impact on trading cryptocurrencies.
In addition to Twitter we chose to investigate other social media platforms such as Reddit and Telegram to validate cryptocurrency price correlation to social media platforms. We focus on Twitter as a leading social media platform and rich source of real-time information regarding current social trends and opinions, however, other social media platforms have started to emerge as a replacement to Twitter. For example, many members of the cryptocurrency community have chosen to aggregate around the Telegram platform due to its privacy centered branding as well as around Reddit forums. Following is a short explanation of each of the social media platforms that we retrieved our data from. While each platform is unique, they all allow for a feeling of connectedness and community.
Twitter is an online news and social networking site where people share short messages, up to 280 characters, called tweets. This type of activity is also known as microblogging. Twitter is the 9th most popular site in the US and the 6th most popular in the world (SimilarWeb). The platform is used by a variety of entities such as news channels, advertisers, celebrities, political figures, and anyone with thoughts to share. Users can follow other users and be updated whenever new content is tweeted. The platform numbers around 300 million monthly active users. In essence, twitter is similar to sending a text message to everyone in your community.
Reddit brands itself as the "front page of the internet". It is the 13th most popular site in the US and 18th most popular in the world (SimilarWeb). Reddit is simply a collection of forums that are generated by users. Each forum is called a "subreddit" and covers a unique topic. Subreddits are denoted with "/r/" followed by the name of the forum. For example, /r/CryptoCurrency is a forum where people speak about news, trends, and predictions regarding the cryptocurrency ecosystem. Users can generate forums, post on them, and upvote or downvote posts thereby increasing or decreasing their visibility. In essence, Reddit is a community of well over 300 million monthly active users that share stuff online.
Telegram is a messaging app very similar to common messaging apps such as Facebook Messenger, WeChat, or WhatsApp. Telegram brands itself as a highly secure and encrypted platform. The company offers end-to-end encryption which means that data cannot be retrieved from Telegram's servers. Users can even choose to set self-destruct timers on messages shared that range from two seconds to one week. Telegram can be used in two ways: 1) Chat 2) Channel. Chat is the traditional pair or group dialogue used by other messaging apps. In channel format, only an author broadcasts messages that their community follows. In addition, Telegram has an added third-party layer called Bots. Bots are pieces of software that can be used to interact with Telegram in a variety of ways. They can perform a simple conversation or act as a search engine or even as a problem solving machine. The telegram community numbers a few hundred million monthly active users, similar to Twitter and Reddit. In essence, it is a messaging app which values privacy and that has advanced capabilities such as channels and bots.
While there are several studies that explore Twitter as a possible predictor of market trends, as far as we know, few have explored the correlation of other social media platforms to cryptocurrency market activity. Bollen (2010) showed that combining information on Wall Street with millions of tweets and posts makes it possible to anticipate financial performance. The analysis of tweets made by Bollen would have had an 87% chance to successfully predict stock prices 3 or 4 days in advance. Rao and Srivastava (2012) investigate the complex relationship between tweets (bullishness, volume, agreement etc) and financial market instruments (volatility, trading volume, and stock price). Mai and Hranac (2013) examine predictive relationships between social media and Bitcoin returns by considering the relative effect of different social media platforms (internet forums vs. microblogs such as Twitter) and the dynamics of the resulting relationships using models that check for interdependencies such as vector autoregressive and vector error correction models.
In the following section we describe the literature overview of cryptocurrencies and social media; in section 3 we explore methodology we use to investigate the connection between the two; section 4 describes the data and findings and then we discuss the results on section 5.
Literature overview
The literature on cryptocurrencies was initially dominated by studies on the safety, ethical and legal aspects of Bitcoin. Recently, some literature has examined Bitcoin from an economic viewpoint. Selgin (2015) argued that investors have employed Bitcoin as currency as well as for investment purposes, although, they claimed that Bitcoin should be seen as a speculative commodity rather than a currency. Dwyer (2015) finds that the average monthly volatility of Bitcoin is higher than that for gold or a set of foreign currencies, and the lowest monthly volatilities for Bitcoin are less than the highest monthly volatility for gold and currencies.
Cheah and Fry (2015) argue that if Bitcoin were a true unit or account, or a form of store of value, it would not display such volatility expressed by bubbles and crashes. Cheung et al (2015) show the existence of bubbles in the bitcoin market over the period and find a number of short-lived bubbles but also three huge bubbles, the last of which led to the demise of the Mt Gox exchange. Brière et al (2015) show that Bitcoin offers significant diversification benefits for investors while Dyhrberg (2016a; 2016b) show that Bitcoin has similar hedging capabilities as gold and the dollar, and as such can be employed for risk management.
Fry and Cheah (2016) develop a model to reveal that Bitcoin and Ripple are characterized by negative bubbles. Bouri et al. (2017) scrutinize hedge and safe haven properties of Bitcoin vis-`a-vis several stock, bonds and currency indices around the world. Its main finding is that the cryptocurrency is only useful as a diversifier device, but not as a hedge instrument. Finally, Balcilar et al. (2017) detect nonlinearities in the return-volume relationship, which allfows for return prediction. Rothman (2018) explored the digital coins eco-system correlations based on an hourly time interval. The findings show that bitcoin price and volume is not correlated with most of the traded digital coins while several digital coins are highly and significantly correlated with other coins.
Analyzing cryptocurrenies based on social media, rich source of real-time information regarding current social trends and opinions has been investigated by some researchers. Bollen (2010) showed that combining information on Wall Street with the millions of Tweets and posts makes possible to anticipate financial performance. The analysis of Tweets made by Bollen would have had 87% of chance to successfully predict prices of the stock, 3 or 4 days in advance. Rao and Srivastava (2012) investigate the complex relationship between tweet board literature (like bullishness, volume, agreement etc) with the financial market instruments (like volatility, trading volume and stock price). Mai and Hranac (2013) examine predictive relationships between social media and Bitcoin returns by considering the relative effect of different social media platforms (Internet forum vs. microblogging) and the dynamics of the resulting relationships using vector autoregressive and vector error correction models.
Methodology 3.1 Sentiment Analysis
In recent years, there is a wide collection of research surrounding machine learning techniques that extract and identify subjective information in texts. This area is known as sentiment analysis or opinion mining. Sentiment techniques are able to extract indicators of public mood directly from social media content. Similar to Go et al. (2009) that affirmed the strength of sentiment analysis applied to the Twitter domain by using machine learning techniques to classifying the sentiment of tweets, we chose to use automated sentiment analysis techniques to identify the sentiment of tweets regarding Bitcoin.
Since the goal of this research is neither to develop a new sentiment analysis technique nor to improve an existing one, we use "SentiStrength", a tool developed by a team of researchers in the UK that demonstrated accurate outputs (see Kim, 2009 , Thelwall et al., 2013 , Thelwall 2017 . SentiStrength estimates the degree of positive and negative sentiment in short texts 2 . It is based on a "dictionary" of sentiment related words, each associated with a weight that contributes to conclusive sentiment strength.
Empirical framework
We collected millions of posts related to all 16 cryptocurrencies under investigation: Bitcoin, Bitcoin Cash, Cardano, Dash, EOS, Ethereum, Kyber-Network, Litecoin, Monero, NEO, Ripple, Storm, TRON, Verge, Walton, and ZenCash (rebranded as Horizen) from November 2017 through August 2018 on an hourly basis. This period of time is especially telling because it is exactly the time when Bitcoin prices began to shoot up towards $20,000 as well as the time when they dropped drastically through the majority of 2018. Tweets for example, containing "#Bitcoin" or "@bitcoin" are easily retrieved using Twitter's Application Programming Interface (API). 3 We matched posts to intra-day prices and volumes in order to create a fundamental database. We then run the SentiStrength tool to determine the sentiment of posts to add another layer of information to the database.
With millions of Twitter posts given as an input, the system assigned a score to each post: 1 if the post was positive; -1 if the post was negative; 0 if the post was neutral. We also pull volume data regarding the amount of posts made on Twitter, Telegram, and Reddit on an hourly basis. This is termed "social volume" and can be retrieved from Solume, a Fintech start-up, that measures social volume where Twitter, Telegram and Reddit have equal weight and the output that Solume provides is both the volume of posts and the direction that a market is headed based on the activity on these platforms. 4 In order to analyze the data, we use stationarity analysis which has high importance in its ubiquity in time series analysis, making the ability to understand, detect and model time series analysis (Nelson and Plosser, 1982) . We then use the Engle and Granger (1987) cointegration approach to assess whether there is a long-run relationship between social media volume and cryptocurrencies prices and volume. We then ascertain the direction of causality between the two series using the error correction methodology of Engle and Granger (1987) .
To determine whether social media activities have an effect on cryptocurrency price and volume, we use the following models:
1. ∆ = 0 + 1 ∆ + 2 ∆ + 4 ∆ +
Where is the outcome variable (price and volume) of cryptocurrency ID "i" at time "t". The variables _ , , and represent the overall social volume, the negative social volume and the positive social volume, and the general sentiment social volume of each cryptocurrency i at time t. , , and correspond to the social volume of each respective social network. In other words, 1 is stationary (or more precisely covariance stationary) if its mean and variance are constant over time, and the value of the covariance between the two time periods depends only on the distance (lag) between the two time periods and not the actual time t itself.
The first requirement simply says that the expected value of the time series should be constant and finite. If this requirement is not met, we regard data generated from this stochastic process to be from different population of processes.
Our main goal is to study the impact of the changes in social volumes on the changes in Bitcoin prices and volume. Therefore each variable is defined as a difference as follows:
The dependent variable of volume is defined as the difference above, yet the dependent variable of price is defined as the difference of the log price:
We also investigate causality between changes in social volume and cryptocurrency price/volume to determine whether social media influences market behavior or vice versa. Namely, we conduct the Granger causality test (Granger, 1980 ) for a time difference of no lag (model 1), 1 hour (model 2), 1 day (model 3), 3 days (model 4) and 1 week (model 5) as shown in the appendix. All Bitcoin hourly data is extracted from www.Binance.com.
Correlation between the Different Cryptocurrencies
To examine how the behavior of one cryptocurrency is related to the others, we conducted a correlation test on prices, as well as on volumes, see also Rothman 2018.
The results from the empirical analysis are presented as follows: Table  1 .A and 1.B show the results of the panel regression from equation 1 (∆ = 0 + 1 ∆ . ..) on price and volume, respectively. These tables take into account all 16 cryptocurrencies under investigation. 
Results from the empirical analysis:
Analysis 1 -The influence of social media:
Price
From table 1.A column 1 we see the impact of social media on price. The coefficient for social volume is positive and significant -an increase in one unit will increase the price by 0. 00505 on average. The coefficient for negative and positive social volume variables is both positive and significant: An increase of one unit in negative OR positive social volume on average increases the price of the cryptocurrencies by 0.00124 and 0. 00147, respectively.
The effect of social volume for the three different social networks is positive, yet only Reddit and Telegram social volume have a significant effect on price. As for the sentiment social volume variable, every increase of one unit on average is correlated to a significant price decrease of 0. 000098. From the separate regression, shown in table 3.1, we see that the coefficient for social volume has a different influence on each cryptocurrency. For most cryptocurrencies the coefficient is positive, with a significant effect on Bitcoin Cash, EOS, Litecoin, Ripple, and Verge. Although Bitcoin, Ethereum, Storm, Walton and ZenCash (rebranded as Horizen) experience a negative effect in relation to social volume, it is only significant for ZenCash. Similarly, the coefficient for positive social volume is positive for most of the cryptocurrencies, with a significant effect on Dash, EOS, Storm, TRON and Verge. On the other hand, the coefficient for negative social volume is negative for most cryptocurrencies, yet only in Bitcoin is the negative influence significant.
Volume
The impact of social media on cryptocurrency volume is shown in table 1.B column 1. The coefficient for social volume is positive and significantan increase in one unit of the social volume will increase the volume of the cryptocurrency by 0.161 on average. Similarly, the coefficients of the negative social volume and positive social volume have a positive and significant effect, with volume increase of 0.0190 and 0.0247 respectively on average. The effect of social volume for the three different social networks is positive, yet only Reddit and Telegram have a significant affect. In addition, the coefficient of the sentiment social volume variable is positive as well and an increase in one unit of the social volume will increase the volume of the cryptocurrency by 0.000635 on average, but the coefficient is not significant.
Same as it had on the price, the effect of social volume on the volume of the cryptocurrencies varies between the cryptocurrencies, as shown in table 4.1. For most cryptocurrencies the coefficient is positive but not significant.
While a negative affect can be seen in Bitcoin, Cardano, EOS, Ethereum, Storm, TRON and Walton, it is only significant in Walton.
The coefficients for negative and positive social volume variables are negative for most of the cryptocurrencies, but not significant. A positive and significant effect of the negative and positive coefficients can be seen in Walton and in EOS, respectively.
Analysis 2 -Causality test Price
Under the Granger Representation Theorem (Engle and Granger, 1987) we analyze the reults of the causality test on the price are presented in table 1.A. The coefficients for social volume are significant in models 1, 3, and 4. In models 1 and 4 the affect is positive, while in model 3 the affect is negative. Similarly, the same significant influence can be seen in coefficients of negative social volume in models 1 and 3. The coefficients of positive social volume are only significant in model 1, with a positive influence.
The coefficients for twitter volume are positive in all the models but with no significant affect. The coefficients for Reddit volume are significant in all the models, except model 2, and have a positive effect in models 1, 2, and 5.
The coefficients for Telegram volume also have a positive effect in most of the models, but the affect is only significant in models 1 and 3. As for the sentiment social volume variable, it has a negative effect in models 1, 3, and 5 with a significant influence only in model 1. From tables 3.A-3.E we can see the results from the different models on the price of each cryptocurrency. Model 3 -The coefficient for Twitter social volume has the most significant effect on the prices of the cryptocurrencies. Model 5 -The coefficient for sentiment social volume and for social volume has the most significant effect on the prices of the cryptocurrencies.
Volume
Table 1.B shows the results of the causality test on volume. The coefficients for social volume are positive in models 1, 4, and 5, yet they are only significant in model 1. Similarly, the same positive effect can be seen in coefficients of positive social volume, with a significant effect in models 1 and 5.
The coefficient of negative social volume is only significant in model 1, with a positive influence in models 1 and 5. The effect of social volume for the three different social networks is positive in model 1, with a significant effect for Reddit and Telegram. The positive and significant effect of Reddit can be seen in model 4, yet a similar effect of Telegram can be seen in model 3.
As for the sentiment social volume variable, it has a negative effect in models 1, 3, and 5 but without significant influence. Similarly, from tables 4.A-4.E we can see the results from the different models on the volume of each cryptocurrency. Model 3 -The coefficient for negative social volume and for social volume has the most significant effect on the volume of the cryptocurrencies. Model 4 -The coefficient for positive social volume and for sentiment social volume has the most significant effect on the volume of the cryptocurrencies. Model 5 -The coefficient for sentiment social volume has the most significant effect on the volume of the cryptocurrencies. Analysis 3correlation: As can be seen in table 2.A, most of the prices are positively correlated with statistical significance across the different cryptocurrencies. All the cryptocurrencies, except Bitcoin and ZenCash (rebranded as Horizen), are strongly correlated in price, with a positive and significant correlation. Bitcoin is positively correlated with most of the cryptocurrencies, yet is only significantly correlated with ZenCash. ZenCash is positively and significantly correlated with Bitcoin, Bitcoin Cash, and Litecoin, but has a negative and significant correlation with Ethereum, Monero, Ripple, and Walton. From table 2.B we can see that all the cryptocurrencies have a positive and significant correlation in their volume. Most of the correlation coefficients are over 0.5, which means that the volume is strongly correlated between the cryptocurrencies. 
4.Tables: Key:

Conclusion
We believe that cryptocurrencies thrive as a result of the communities that use and support them. We take a big data approach by classifying and measuring the volume of millions of cryptocurrency related posts on online social media communities such as Twitter, Telegram and Reddit, which seem to represent a thermometer of investor behavior, on a large scale, similar to earlier studies that found that blogs can be used to evaluate public mood. In order to analze the data we use cointegration analysis. Results indicate that information about the use of social media platforms can assist in tracking real Standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1 world behavior and may even predict real financial market trends. We find that social media mainly affects cryptocurrency volume rather than price. In fact, there is an average increase of about 16.1% in the turnover of the cryptocurrencies under investigation correlated to activity on the social media platforms we studied. This aspect may also be used for manipulations of traders through the flow of information on social networks and thus cause changes in prices. In addition, we see that social volume on Reddit and Telegram has greater impact on investor activity than Twitter. We also show that these effects vary from cryptocurrency to cryptocurrency. For example, for Ripple, there is a very significant price correlation with negative sentiment on Twitter while for EOS there is significant price correlation with positive sentiment on Twitter (Table 3A ).
The study also shows that all cryptocurrencies under investigation are highly correlated in price except for Bitcoin and ZenCash (rebranded as Horizen) which are only correlated to one another. In other words, investing in both the Bitcoin and ZenCash pair as well as the other cryptocurrencies can give broad exposure to the world of crypto. Because ZenCash is the only cryptocurrency that behaves in a similar way to Bitcoin, its acquisition can be a much cheaper method of exposure to Bitcoin. We show that activity on social media has a true causal relationship with cryptocurrency volume/price fluctuations and not the other way around. However, social media is developing on an exponential scale and exploring Reddit in 2019 may not be relevant in 2020, thus an on-going analysis is needed. In addition, other parameters can impact cryptocurrency trading such as investors' trust and/or regulation which are not captured in this study.
This research contributes to the growing literature on cryptocurrency and investor activity around it. The 'new world' of innovative social media platforms may play a crucial part in the future of trading platforms. Our research may also be useful for investors in a better understanding the connection between social media and cryptocurrencies. Specically, understanding which cryptocurrency is more affected and when by social media platforms. t statistics in parentheses * p < 0.05, ** p < 0.01, *** p < 0.001 Table 4Dmodel 4 -Volume   1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  negative 
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